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Abstract: Learning to make machine learning agents work on visual inputs has been a hurdle that researchers have
faced since the early days of machine learning. There are currently techniques like deep learning and reinforcement
learning which can be used in multi-feature environments. These techniques have stood their ground for a long time
and have proven to be efficient. Therefore combining these fundamental concepts in order to realize a bigger goal is
the best way to get best out of both. The deep learning agent is to be designed using traditional machine learning
methods like deep learning, reinforcement learning and deep Q- learning. Deep learning is used so as to address the
limitations of traditional Q-learning which produces to be inefficient in the case of complex games. Hence the agent is
able to make the highest rewarding decision the will maximize the agent skill and make the learning process worth-
while and efficient.
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I. INTRODUCTION

Solving games is considered interesting as well as the basis of problem solving structure because of the hostile,
competitive challenges and agents involving the environment. Thus, developing a game AI opens the path of
implementing the problem-solving ideas in real life situations [6]. Beside that deep reinforcement learning has
achieved several high-profile successes in difficult decision-making problems [4]. But these algorithms typically
require a huge amount of data before they reach reasonable performance [6]. In case of hard-coded bots we do
not need these data for making the right move for right situations. Most cases the coded bots use greedy search
algorithms for finding the best move possible for a particular state [6]. As an example, in snake’s game a bot will
try to avoid the walls and find the shortest path for the reward (an apple or a worm). So how can we make a bot
understand the same thing by not telling them about the environment, like what the wall is or worm is, just giving
them the feedback of what they are doing, which is a way for solving the self-learning feature. This paper
highlights the need of a general artificial intelligence model, which is trained in multiple game environments,
which will prove that a single model can be successfully applied to different environments, can be trained on those
environments and improve its performance.

II. OBJECTIVES

1. To design game bot with its game environment.

2. To define values of thresholds, rewards and penalties in the game, that the agent will use to facilitate the
learning process.

3. To employ a learning approach that improves the skill of the bot over time

4. To supply the bot with valuable feedback, that it will learn in order to successfully make precise inferences
and improve its game.
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III. PROBLEM DEFINITION.

Machine learning implementations constitute models which are designed using neural networks, and perfected
over the time with continuous training with supervised or unsupervised learning. But these models are highly
specialized in their respective domains [8] [9], and have nothing to offer when they are taken out of their native
operational environment, and integrated into a foreign environment. This happens because of their high degree of
specialty in terms of their data inputs. That is, they can only accept the input data in a specialized format which
they were trained in, and they are useless in a foreign environment since they cannot make sense of that data.
This has given rise to accumulation of machine learning agents in a single (specialized) domain. So we need a
model which can accept multiple forms of data given to it, make sense of it, and learn effectively to improve its
performance. Hence, the deep learning agent that will be designed will be able to take data from multiple
environments we supply it with, and learn to improve its performance in those environments. Hence it will be a
step towards achieving general artificial intelligence compared to specialized artificial intelligence that we see
today.

IV-RELATED WORK

[1]- This survey talks about importance of games and their contained challenges which have helped them
dominate the entertainment market today [1], and how they have found their way into military and industrial
applications [1]. They state that games have helped the military accomplish and realize real-world training, in
order to improve the skills of soldiers by augmenting games into real-world field exercises [1]. They focus on the
impact the games can have on a soldier's skills and rather improve it by adding in the most realistic non-human
units that can mimic the human behavior and accuracy [1]. Academia remains the domain that is most actively
pursuing innovative AI research [1] [6]. However, while considerable research is taking place it is not necessarily
focused on applicability to games. Increased efforts have been made in the last decade to increase the interaction
between academic AI researchers and industry AI developers [1]. The reality is that the video game industry,
naturally, holds the gamer experience as the highest priority, and all game decisions are made in that context [1].
Consequently, commercial game development has focused on the environment of the game: graphics and
character models. The impact is that AI research by the video game industry is meager and only a small portion of
the computational resources in a game are allotted to AI [1][5].
[2] This paper introduces two novel algorithms for learning with the help of humans, according to the rewards that
they will provide [2]. The specialty of these algorithms is that instead of viewing feedback as a reward with a
numerical value, they view it as a discrete signal provided by the human trainer. For example, indicating lack of
improvement by giving lack of feedback. A significant body of work exists on the problem of learning from
human trainers, and specifically on the problem of learning from trainer-provided feedback [2]. Here, they focus
on learning from demonstration, which uses human-provided examples of a target behavior, while training on
feedback always works on maximizing the numerical reward [2] [4] [6]. While there have been exciting
developments in both areas, they argue that none of the models are apt for training the agent efficiently. First,
providing demonstration is always better and apt for effective learning. Second, the positive or negative discrete
feedback that agent gets from the human trainer is not treated like a numerical reward [2] [6].
They presented empirical data indicating that humans deliver discrete feedback and follow different training
strategies when teaching. They have developed two Bayesian learning algorithms, SABL [2] and I-SABL [2] that
can leverage knowledge about those strategies. SABL [2] encodes assumptions about trainer strategies as the
probabilities of explicit feedback given the correctness of actions, and I-SABL infers those probabilities online
[2Future work would also consider how these algorithms can be applied to sequential tasks without enumerating
possible reward functions [2], allowing them to be used in more complex domains.
[3] This paper focuses on Construction of game agents through simulated evolution [3]. Simulated evolution is
concept that trains agents based on the process of natural selection. This is also possible with the help of
Evolutionary computation by Eiben and Smith 2003 at al [3]. EC is a machine-learning technique that can be
applied to sequential decision-making problems with Large and partially observable state spaces, like video games
[3]. EC calculates solution(s) to a problem in the following manner:Initially, a random collection of candidate
solutions, called the population [3], is generated and evaluated in a task within some environment. Because of
randomness in how the population was generated, there will be variation in the performance of different candidate
solutions [3]. At this point a new population is generated from the old population using a mixture of selection,
recombination, and mutation Selection is based on Darwin’s concept of natural selection by Darwin et al. [3] by
which fitter individuals enjoy higher reproductive success.. This paper concludes by stating that Evolutionary
computation is a powerful machine learning technique that has been used to discover skilled and interesting agent
behavior in many domains.
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[4] This paper talks about using Reinforcement learning in order to train web spiders to navigate the hyperlinks
more efficiently. This paper argues that the training of web spiders gives best results when they are trained
through reinforcement learning [4] [6], a type of machine learning paradigm which involves decision making and
observation of future rewards. The key feature that proves that topic specific spidering is best solved with
reinforcement learning is that there is the involvement of an time delayed reward [4] [6] for which reinforcement
learning is known to produce the best results. The results provide strong evidence that reinforcement learning is an
excellent framework within which to perform Web spidering. Experimental results on two data sets show a
three-fold improvement in spidering efficiency over traditional breadth-first search.
[5] This paper talks about conducting a Turing test between a human player and a computer game bot and seeing
whether it is possible to distinguish correctly between the two. The primary goal of the test is to check whether the
bot passes the Turing test and is successfully able to deceive the judges into thinking that he (the bot) is a human
player [5]. They took 3 human players and 3 bots for the test, and arranged a panel of judges who would decide
whether a particular player was a human or a computer bot. the game was held and results were calculated, and
they came to an conclusion. Computer bots cannot play like humans-not yet [2], and are easily distinguishable
because bots always displayed a radically different behavior than the human players [5].
[6] This paper talks about using deep reinforcement learning to carry out learning in parameterized space with
continuous values. This paper extends the Deep Deterministic Policy Gradients (DDPG) algorithm by Lillicrap et
al, [6] [9] into a parameterized action space
[6]. they have modified the original algorithm and added new features, like bounding action space gradients [6].
Deep, model-free RL in discrete action spaces can be performed using the Deep Q-Learning method introduced
which employs a single deep network to estimate a maximally valued output for a specific input [4] [6]. Several
variants of DQN have been explored. These networks are highly accurate in continuous state spaces but suffer in
continuous action spaces. They explore three approaches for limiting parameters in their intended ranges: Zeroing
Gradients [6] [9], Squashing Gradients [6], and Inverting Gradients [6]. This paper has shown that deep
reinforcement learning can be used in continuous action spaces like games. The work represents a step towards
fully learning complex agents [4] [5] [6] [8]. More generally they have demonstrated the capability of deep
reinforcement learning in parameterized action space.

V. PROPOSED METHODOLOGIES.

DQN Algorithm with Experience Replay:
The following figure gives the DQN (Deep Q-Learning) algorithm with experience replay which will be used
to train the agent in the game environment. We use experience replay for two reasons:
1. In the learning environment, the machine on which the learning takes place contains a finite memory.
Therefore, as the agent learns new policies and experiences, it tends to forget the older ones as the result of new
experiences overwriting the old ones. Therefore, applying experience replay to the DQN algorithm allows the
agent to retrain on the previous experiences before the overwriting takes place so that Agent always has a policy
that was affected by all of its experiences, and not only the recent ones.
2. Sometimes, the agent may accidentally discover a local optimal policy, and keep on selecting the same
policy again and again which will degrade the performance in the long term, and never converge to the target
solution. Hence by selecting random samples from replay memory will ensure there is no such greedy way out,
and make the states completely independent form each other avoiding such local optimums. The DQN
algorithm ensures that quality learning takes place in spite of memory constraints as well as local optimum
which happen in the learning process.

Figure1: DQN algorithm with Experience replay [6].
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Figure.2: The learning process from First to subsequent epochs.

VI. EXPERIMENTAL RESULTS

For the implementation part itself, we consider some of the classic games from back in the day, which are
certainly tricky and very nostalgic. We consider games like cartpole, mountain car, and also some Atari games
like breakout and pong. Gym supports custom Atari integrations in to its environment package, which can
integrate almost all of the Atari games.

1. THE GAME:
Here we consider a game called Cartpole. This game consists of a cart moving along a horizontal line with a pole
on it which is to be balanced. If pole goes beyond a threshold angle with respect to the cart or, if the cart moves
beyond the horizontal bounds of the line, the environment is reset, and the time that the pole was successfully
balanced is considered as the score. The reward is justified as an unfinished epoch (episode) as in, a correct
decision made by the network that has kept the pole still on the cart. And a penalty is justified as a finished epoch
as in the last decision made by the network that has lead to the pole come crashing-down the cart. The
environment itself is fairly simple consisting of a white background and at the halfway of it downwards, is a black
thin line along which the cart moves in a horizontal direction. The cart is a black rectangle to which a light brown
pole is attached, which is free to move along its top, depending on the speed and position of the cart with respect
to itself. Figure 3 depicts the Cartpole environment as mentioned above.

Figure.3Cartpole environment rendering on the screen.

2. THE ENVIRONMENT.
The above mentioned environment is integrated into the code through OpenAI gym ‘make’ directives which
support the specific environments along with their state and action sizes, which are then used to decide on the
neural net parameters on the input-output sides, which have to be environment specific.
The following figure Figure.4 is a snippet from code that will depict how an environment, in this case cartpole, is
integrated into the code with the OpenAI gym ‘make directives’.
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Figure.4. Environment integration through ‘make’ directives.

3. THE HYPER PARAMETERS.
Now having integrated the environment successfully into the code, now it’s time to setup hyper parameters
pertaining to the learning process on the basis of which, we will implement our algorithm, and these parameters
will affect the result of our learning process. Figure.5 below represents all the hyper parameters such as learning
rate, discount factor, decay rate, epsilon etc.

Figure.5. Hyper parameters required for the learning process.

The parameters like state size and action size are automatically extracted from gym ‘make’ directives.
The memory attribute is the replay memory which is going to store the experiences for experience replay. The
Self gamma attribute is called discount rate which prevents the network from overestimating future rewards so
that the action that it makes is not majorly influenced by future actions. The epsilon attribute is called the
exploration rate which forces the game bot to explore by taking a random action rather than predicting a state.
This is done in two stages. 1st stage is the initial state at which the game bot has no idea what is going on and
therefore he has to explore what all possible actions he can take until it starts observing and making out patterns.
The epsilon decay attribute makes sure that agent isn’t over-exploring that is, it’s not relying on random
transitions frequently, as it gets better. Epsilon min attribute ensures that agent is exploring at least above a
threshold minimum. The learning rate attribute decides how much the agent learns in each epoch.

4. THE NETWORK.
Now that the environment is imported, the hyper parameters are set, it’s time to design the Neural net.
Here, we are using a 6 layer deep dense neural network having input dimensions as the state size of the
environment, in this case cartpole, and output size as the action size of the environment which is also obtained
for the environment integration through ‘make’ directives. The figure below Figure.6 shows the deep neural
network
.

Figure.6. The deep dense neural network.

As shown in the figure above, the input size of the network is obtained from state size of the environment; same
is the case for output, being action size of the environment. The ‘relu’ activation function or Rectified linear unit,
is used in the hidden layers. The network also uses an optimizer called ’Adam’ which computes the loss based on
a method called ‘mse’ or Mean Squared error.
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Figure.7 Visualization of Cartpole AI trained using DQN algorithm with Experience replay.

We trained the network mentioned above using DQN (deep Q-learning) with ER (Experience Replay), as well as
DDQN (double deep Q-learning with ER). We also plotted the graphs which depict the improvement of the AI
along the episodes as it got better and better. It is clearly visible from the graphs in figure 7 and 8 that, double
Q-learning gives the highest possible score in half the no: of episodes as compared to traditional DQN.

Figure.8. Visualization of Cartpole AI trained using DDQN algorithm with Experience replay.

The sudden spikes seen in the graphs is mainly due to the learning rate variations and exploration rate values or
Epsilon value getting too low or getting too high. The AI has to ensure that it is not over exploring, as well as
under exploring. The bot was trained with following thresholds, first being target epochs. We decided the target
epochs as 1000. This value was sufficient considering the complexity of the game as well as, the average time
required by the AI to complete a successful epoch. The score in this game is defined as the time for which the
bot was able to balance the pole on the cart. We also set another threshold of score being 500. So the AI would
stop learning if reached any one of the following threshold rules, one being 1000 epochs. That is, once the bot
has trained for a thousand epochs, it will stop learning, terminating the environment and saving weights. Second
being the score average. That is, once the average score of the latest ten epochs comes out to 500, the bot will
stop the learning process terminating the environment and saving the weights of the neural network. Bot trained
successfully giving desirable results and successfully learned to play the game of cartpole.

VII. CONCLUSION

The project developed a model to solve 2D games with Deep reinforcement learning approach. It introduced a
new deep learning model to play games like cartpole using OpenAI gym, as well as Tensorflow libraries and
Keras API. It showcased all the epochs and the average improvement in the scores in a comprehensible format
like graph to better understand the efficiency and convergence supported by deep learning. This was an attempt
towards building an AI that could solve games through reinforcement learning algorithms. This would be very
beneficial in case of game testing strategies in the industries. This study represents an approach towards
developing AI for more generalized purposes like games which have various and unique challenges within
themselves and designing an AI to solve these challenges will open up scope for a general AI research.
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VIII. FUTURE SCOPE
As future scope, more robust implementations of the game bot AI can be done using advanced algorithms like
Actor-Critic and A3C. The AI can be trained to solve much complex 3D games like Call of Duty, Minecraft,
GTA-V which have an open world perspective, where the possibilities of actions are limitless, which can be
integrated into game testing procedures at game developing companies which spend millions of dollars on
testing phases, bugs pinpointing and game explorations.
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